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Abstract Occupational mismatch has been a hot topic in the economics literature in recent
decades; however, no consensus has been reached on how to conceptualise and measure this
phenomenon. We explore the unique opportunity offered by the PIAAC survey to measure
occupational mismatch at the individual level based on both education- (overeducation) and
skill-based (overskilling) variables by using both objective and subjective measures. For this
purpose, we use data on 17 European countries and compute up to 20 different indicators of
occupational mismatch. We find that the conceptualisation and measurement of occupational
mismatch are indeed important and that education and skill mismatch do not measure the
same phenomenon. In fact, only a small percentage of mismatched individuals are mis-
matched with respect to both education and skill, whereas the majority are mismatched with
respect to either education or skill only. At the country level, we find a negative correlation
between the incidence of education and skill mismatch, which has important implications for
policies aiming to address this labour market inefficiency.
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1 Introduction
In the last two to three decades, socio-economic changes such as increased global com-
petition, skill-biased technological adjustments, an increased work force education level,
and an ageing population have created a labour market situation where finding the right
people for the right jobs is often difficult. This labour market situation leads to the phe-
nomenon of occupational mismatch, defined as a discrepancy between workers’ skills and
competencies and those required by the job. Although some theories indicate that occu-
pational mismatch is a temporary or individual phenomenon, empirical evidence shows
that occupational mismatch in Europe is pervasive (Cedefop 2010), widespread, and
persistent, suggesting that the phenomenon may result from the labour market structure
(Brynin 2002).1 Better matching between workers’ potential and actual jobs is nevertheless
essential to combat unemployment and to boost the competitiveness of European countries.
Further, good job matching may improve individual welfare and have positive effects on
the productivity and growth of the economy.2
To overcome this challenge, the first and principal concern is to find an appropriate
measure of individual occupational mismatch. Education mismatch is the most common
way to conceptualise occupational mismatch, whereby educational attainment is used as
the variable to summarise an individual’s competencies. However, even if educational
attainment is a reasonable candidate to serve as a proxy for individuals’ skills and com-
petencies, there is no one-to-one correspondence between one’s educational attainment and
one’s skills and competencies. In fact, as argued by the OECD, ‘more education does not
automatically translate into better skills’. Individual skills are a broader and more dynamic
feature, as they are supposed to increase with working experience and job training,
according to human capital theory (see Becker 1976). Moreover, the actual level of skills
possessed by individuals of the same education level can vary across different age cohorts
because of changes in the educational system and the deteriorating effect of the ageing
process. Thus, measuring adults’ skills rather than educational attainment is considered a
superior and more reliable approach to quantifying an individual’s actual competencies at a
specific point in time.
Yet, using skills to conceptualise and measure occupational mismatch has been over-
looked until relatively recently because of the impossibility of validly and reliably mea-
suring skills. Beginning in the 1990s, the release of surveys such as the International Adult
Literacy Survey (IALS), the Adult Literacy and Lifeskills Survey (ALLS), and most of all,
the recent Survey on Adult Skills (PIAAC)3 paved the way for an analysis of skill mis-
match. In fact, these surveys, in addition to measuring traditional educational attainment
variables, assess skills in domains such as literacy, numeracy, and problem solving in
technology-rich environments.
Given the undeniable need to make thoughtful progress on the conceptualisation and
measurement of occupational mismatch for effective policy making, we exploit the
1 A review by Groot and Maassen van den Brink (2000) of 20 years of research on overeducation in Europe
and USA further suggests that the rate of overeducation has not significantly changed over the period from
the 1970s to the 1990s.
2 For further information on the consequences of occupational mismatch, see Brynin (2002), Ortiz (2010),
Quintini (2011), and Dolado et al. (2002), among others.
3 The Survey of Adult Skills is an international survey conducted as part of the Programme for the
International Assessment of Adult Competencies (PIAAC). For the sake of simplicity, in this paper, we use
the acronym PIAAC to refer to the survey.
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exceptional opportunity offered by PIAAC data to measure occupational mismatch4 at the
individual level using both education- and skill-based variables. Thus, the main objective
of this paper is to examine whether overeducation and overskilling measure the same or
different phenomena of occupational mismatch and how this (these) phenomenon (phe-
nomena) varies across European countries. To accomplish this aim, we proceed in two
stages. First, we compute several mismatch indicators measuring both educational and skill
mismatch and applying both objective and subjective approaches. Because it is unclear
how many latent variables are captured by the 20 indicators computed, we conduct a
principal component analysis (PCA). The results show that 3 latent components underlie
the different indicators computed, one capturing educational mismatch and two capturing
skill mismatch. This finding suggests that education and skill mismatch are two distinct
phenomena, which has important policy implications, as discussed below. Second, using
original education and skill mismatch variables from the 3 components identified through
the PCA exercise, we investigate the extent to which education mismatch and skill mis-
match vary and eventually overlap at the country level in Europe. We find that there is a
low extent of overlap between education and skill mismatch and that there is a strong
negative correlation between the percentages of the population only educational mis-
matched and that only skill mismatched. This result supports the importance of concep-
tualisation and operationalisation of occupational mismatch and suggests that there is not a
one-size-fits-all approach to measuring and addressing this type of inefficiency in the
labour market.
This paper adds to the previous literature in two ways. First, to our knowledge, this is
the first study to compare such a large number of measures of overeducation and over-
skilling. A few other studies have conducted a similar line of investigation by comparing
different measures with a common dataset (Verhaest and Omey 2006; Allen and van der
Velden 2001; Allen and de Weert 2007; Green and McIntosh 2007 and Mavromaras et al.
2007a, b). Our conclusions corroborate and extend these findings by providing an analysis
on a much broader sample (i.e., one not limited to graduates), with a wider set of mismatch
indicators, and for 17 European countries. Moreover, this research reflects the limitations
of using a single definition of occupational mismatch across a heterogeneous set of
countries. Second, we contribute to the literature by providing an analysis of the overlap
between education mismatch and skill mismatch across countries. We link the strong
negative correlation identified between education mismatch and skill mismatch to the role
and functioning of the educational systems.
The paper is organised as follows. The next section provides a literature review of
education and skill mismatch and the indicators used to measure each phenomenon. After
providing an overview of data from the PIAAC’s Survey of Adult Skills, in Sect. 3, we
replicate a number of indicators of upward occupational mismatch by using both educa-
tion- and skill-based variables, and we perform a PCA to identify the common latent
dimensions that some of the mismatch measures may share. In Sect. 4, using original
education and skill mismatch indicators, we aim to elucidate the extent of overlapping
4 We focus on upward occupational mismatch, which refers to the situation in which a worker’s educational
attainment (skill level) exceeds the educational qualification (skill level) required for the worker’s job,
leading to a condition of overeducation/overqualification (overskilling/skill surplus). The unprecedented rise
in the supply of university and college graduates over the past few decades in several OECD countries and
the more negative consequences compared to downward mismatch at both the individual and aggregate
levels (for a review, see Hartog 2000; Rubb 2013; Brynin 2002; Tsang and Levin 1985; Cedefop 2010; Ortiz
2010; Quintini 2011 or Dolado et al. 2002) motivated our choice.
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between the different types of mismatch identified in Sect. 3. Our conclusions are pre-
sented in Sect. 5.
2 Literature Review of the Approaches to Measuring Occupational
Mismatch, Their Strengths and Limitations
This section presents an extensive literature review of the different approaches used to
conceptualise and measure occupational mismatch to provide a better understanding of
current research on the topic and the empirical approach followed in Sect. 3.
For decades, the notion of occupational mismatch has been conceptualised and mea-
sured in different ways, generally by comparing a worker’s competencies to the compe-
tencies required for his or her job (Desjardins and Rubenson 2011). However, owing to the
difficulties involved in observing and measuring competencies, this phenomenon has
largely been proxied by education mismatch (i.e., the match between a worker’s attained
education level and the education level required by the worker’s job). The first contribution
was provided by Freeman (1976), who introduced the notion of education mismatch,
measured objectively by comparing a worker’s level of attained education with that
required by the worker’s job. Later, in 1981, a paper by Duncan and Hoffman (1981)
specifically addressed the problem of occupational mismatch and its effects on wages, and
Oosterbeek (2000) subsequently presented a measure of education mismatch in the Mincer
earning equation. Only recently has the phenomenon been addressed by considering the
actual match between a worker’s skill proficiency and the level of skills required by the
worker’s job, i.e., skill mismatch. As already highlighted in the Introduction, skills and
education level are not synonymous. Education refers to an individual’s qualifications at a
given point in time, which are bound by differences across countries and cohorts for the
same level attained. By contrast, skills are acquired and lost over an individual’s entire
lifespan, thereby providing a more concise and updated measure of competencies. Thus,
while the methods discussed in this section to capture education and skill mismatch are
considered closely related, it is important to bear in mind the distinction between these two
constructs.
With this conceptual underpinning established, the second issue concerns the mea-
surement itself. As mentioned above, overeducation (overskilling)5 occurs when the
education level (skill level) of a worker is higher than that required by his or her job.
Observing or measuring workers’ education level is straightforward, whereas identifying
workers’ skill level is more difficult. The literature nevertheless has made extensive use of
surveys such as the IALS, ALLS, and PIAAC to overcome this issue (although with all the
caveats concerning whether the types of skills that these surveys measure are important in
the labour market; see Sect. 2.2). However, measuring the education/skill level required by
a job has always been more problematic (Verhaest and Omey 2006). Ideally, such a
measurement would require (comparable) information about the demand side, which is
often unavailable. Consequently, the literature has developed a number of different
approaches, with the main distinction being between objective and subjective methods.
5 As stated in the Introduction, in this paper, occupational mismatch always refers mismatch in which
individuals’ education and/or skills are above those needed for their job (i.e., overeducation and over-
skilling). While undereducation and underskilling are also forms of occupational mismatch, their mea-
surement is outside the scope of this paper.
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This section presents an overview of the measurements of both types of occupational
mismatch used in the literature, highlighting the advantages and disadvantages of each.
2.1 Education Mismatch
As mentioned above, the first main distinction that can be made between different
approaches to measuring education mismatch is between objective and subjective
approaches (Groot and Maassen van den Brink 2000). Objective approaches rely on
objective measures, such as the actual level of education attained (generally measured
using either the ISCED classification or the number of years of education) and the level of
education attained by peers working in the same occupation or the level of education
considered appropriate for a job (Verhaest and Omey 2006). More specifically, two types
of methods are used to take an objective approach to measuring education mismatch.
The first method is the normative/job analysis (JA) method, which measures the ‘re-
quired’ level of education for a certain job on the basis of an evaluation by professional job
analysts. This method relies on an a priori equivalence between education and occupation,
such as those provided in the US Dictionary of Occupational Titles (DOT). Based on this
comparison, each worker is categorised as overeducated, undereducated, or matched (see
for example Rumberger 1987; McGoldrick and Robst 1996). Note that, as with other
measures proposed below, this method relies on the assumption that all jobs with the same
title have the same educational requirement, which might not always be the case in reality.
Conceptually, the JA method may be superior to the other method because making the call
on which education level is required for a job is under the purview of trained job analysts.
However, it is very costly to implement and is likely to become obsolete very quickly.
The second method is the statistical/realised matches (RM) method, which draws on the
distribution of the workers’ education levels within each occupation to infer the education
level required for a job. With the mean (Verdugo and Verdugo 1989; Bauer 2002) or mode
(Kiker et al. 1997; and Mendes de Oliveira et al. 2000) of the education level distribution
for the worker’s occupation group [normally defined based on the International Standard
Classification of Occupations (ISCO)] used as a reference, mismatch situations are iden-
tified when the individual’s education level deviates from the mean/mode by more than one
standard deviation (sometimes two, to identify cases of severe mismatch). This method has
the undisputed advantage of always being implementable because measures of mismatch
based on it are computed directly from the data. Nevertheless, it presents a number of
drawbacks. First, measures derived from this method tend to be rather sensitive to cohort
effects. For instance, given the current trend of younger cohorts generally entering the
labour market with higher qualifications than the existing work force, using the mode/mean
education level for the entire work force within a given occupation, without a distinction
regarding age, reflects the qualifications of people who were hired at different times.
Hence, simply comparing this measure with an individual’s level of education can lead to
misleading conclusions about education mismatch. To solve this problem, several scholars
have modified the RM method by considering cohorts rather than the population as a whole
(Elias and Purcell 2004). Alternatively, Quinn and Rubb (2006) allow required education
to vary with year of birth and survey year. Second, from a methodological perspective, the
choice of, for example, one standard deviation as a threshold is completely arbitrary, and
results tend to depend on the level of aggregation that is necessary to obtain a reliable
distribution of education for occupations (identified using the 1- or 2-digit level of the
ISCO). Similarly, the choice between using the mode and using the mean also relies on
some degree of arbitrariness, although the former is usually preferred because using the
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mode as reference point has the advantage of being less sensitive to outliers and techno-
logical change. Finally, the RM approach allows only one education level to be appropriate
for each occupation, which may not capture reality for particular occupations, especially if
they are broadly defined.
Subjective approaches (Self-Declared/Self-Reported/Self-Assessment—SA) rely on
information provided by workers and include two types of methods. First, direct self-
assessment (DSA) directly asks workers’ opinion regarding whether their job matches or is
related to their level of education. Second, indirect self-assessment (ISA) asks workers
about the education requirements of their current job. Key studies in the literature adopting
the DSA approach include Groeneveld (1997), Chevalier (2003), and Verhaest and Omey
(2006). Alternatively, for ISA, we find Duncan and Hoffman (1981), Hartog and Ooster-
beek (1988), Sicherman (1991), Sloane et al. (1999), Battu et al. (2000), Allen and van der
Velden (2001), Dorn and Sousa-Poza (2005), Green and Zhu (2010), Frei and Sousa-Poza
(2012), and Baert et al. (2013), among others. The literature distinguishes between the
education level required to get a job and the one required to do the job; moreover, some
authors have used different expressions (e.g., ‘appropriate’ education level; Allen and van
der Velden 2001)6 to identify these separate concepts. Distinctions based on further
dimensions (e.g., formal vs. informal education; best preparation vs. preparation needed to
perform) are also made (Leuven and Oosterbeek 2011).
Subjective reports by respondents are, of course, particularly vulnerable to measurement
errors, and such errors can vary from respondent to respondent. For example, individuals
may easily overstate the requirements of their job to inflate the status of their position.
They might also be poorly informed about the performance of people with different levels
of education/skills. Further, especially concerning education, workers’ answers may simply
reproduce current hiring standards, which may cause problems if education levels in the
labour force increase over time and if employers increase their hiring standards even if the
jobs themselves have not changed. However, subjective approaches have the advantage of
providing measures that are easily observable, specific to the job of the respondent, and up
to date. Subjective measures of the incidence of education mismatch are typically found to
exceed those obtained via objective measures (Groot and van den Brink 2000). Never-
theless, the various approaches to estimating the incidence and returns to education mis-
match tend to yield broadly consistent conclusions (McGuinness 2006).
A number of mixed methods have also been used in the literature, whereby both
objective and subjective methods are combined, depending on data availability (Cedefop
2010; OECD 2013). For example, Chevalier (2003) and Chevalier and Lindley (2009) mix
the JA method with the subjective approach (DSA/ISA) to obtain a more refined measure
of overeducation. The authors use the JA method to determine whether an individual is
overqualified, and they then use a subjective question capturing individuals’ ‘satisfaction
regarding the match between education and job’ to divide overqualified individuals
between those who are apparently overqualified (normatively overqualified individuals
who are nonetheless satisfied with their match) and those who are genuinely overqualified
(normatively overqualified individuals who are also unsatisfied with their match).
A different approach related to wages is suggested by Nauze-Fichet and Tomasini
(2002). A person is classified as overqualified if two-thirds of the individuals at the level of
education immediately below the person are better paid. Indeed, all else being equal,
6 According to the authors, ‘appropriate level’ might be preferable to the alternative of ’required level’, as
the latter expression may partly measure formal selection requirements, whereas the former is more likely to
refer to actual job content.
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education should enhance individuals’ work productivity and thus raise their expected
wage rate. Thus, individuals who are paid significantly less than the wage corresponding to
their level of education are considered to be overqualified.
2.2 Skill Mismatch
To address the limitations of using educational attainment or years of education to measure
occupational mismatch, a new strand of studies uses individual’ skills as a potentially
superior proxy for competencies. Nevertheless, using workers’ skill level to measure
mismatch also raises some concerns.
First, a limited number of surveys include directly observed measures of skills. Among
such studies, Krahn and Lowe (1998) rely on data from the Canadian component of the
IALS, whereas Desjardins and Rubenson (2011) use the ALLS. The recent release of
PIAAC, however, represents an additional relevant source in this field (OECD 2013).
Second, whether the skills measured are indeed the skills relevant for identifying a situ-
ation of skill mismatch may be unclear. As a general issue, not all specific skills are
feasible to assess via survey instruments; indeed, in most cases, only a few direct measures
of skills are available. With respect to this matter, the PIAAC survey assesses skills in
literacy, numeracy, and problem solving in technology-rich environments. These skills are
‘key information-processing competencies’ and are identified as being relevant to adults in
many social contexts and work situations. Thus, although it is unclear whether the skills
captured in the surveys perfectly reflect the range of tasks that are important for labour
market success and productivity, these skills can nevertheless be relied on for fully inte-
grating and participating in the labour market, education and training, and social and civic
life (OECD 2013).
The methods that have been adopted to measure skill mismatch can generally be dis-
tinguished according to the same types of approaches presented for education mismatch.
As for measures of education mismatch, measures of skill mismatch can be derived based
on a self-declared assessment (DSA or ISA) of skill use. Key studies in the literature
adopting this approach include Halaby (1994), Allen and van der Velden (2001) Mavro-
maras et al. (2007b), Green and McIntosh (2007), and Vieira and Cabral (2005), among
others. With this approach, for example, workers are asked to what extent they utilise their
skills and knowledge in their work or to what extent they feel that they need to receive
further training to adequately perform their job.
Two broad categories can be identified when applying the realised match (RM) method
to measure skill mismatch. The first category includes techniques resembling the standard
RM approach, in which the distribution of skill levels is calculated for each occupation and
in which workers who deviate from the mean or mode by more than a certain value
(generally one or two standard deviations) are classified as over- or underskilled. Alter-
natively, skill match and mismatch can be determined on the basis of reported engagement
in certain skill-related tasks at work on one hand (with engagement intended to represent
the job requirement) and direct measures of the skills possessed by workers on the other
(see Krahn and Lowe 1998; Desjardins and Rubenson 2011, whose approach is adapted
from the methodology devised by the former). Depending on the level of workplace
engagement in tasks related to a certain skill, workers are classified in two groups: low to
medium–low engagement (identifying low-skill jobs) and medium–high to high engage-
ment (identifying high-skill jobs). The cutoff between high- and low-skill engagement can
be based, for example, on whether the engagement scores are below or above the median
level of workers (generally in the same 2-digit ISCO occupational group) or on whether
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workers engage in tasks that are related to the specific skill at least once per week on
average. Similarly, individuals can be distinguished as low skill or high skill according to
some direct measure of their skills. According to Desjardins and Rubenson (2011),
overskilling (or surplus mismatch) occurs when an individual possesses medium to high
skills but reports low to medium–low engagement for that skill.
An alternative measure has also been developed by Allen et al. (2013) based on PIAAC
data. For each domain (numeracy and literacy), the authors standardise the relevant
measure of skill level and skill use and then subtract each standardised measure of skill use
from the corresponding standardised measure of skill level; all individuals with a value
greater than 1.5 on this difference variable are defined as ‘underutilised’ (i.e., overskilled).
A few concerns have been raised in the literature regarding the use of skill engagement as a
proxy for skill requirements for a certain job. First, skill engagement is generally measured
in terms of the incidence and frequency of activities involving specific skills. This pro-
cedure can misrepresent the relevance of certain skills and, consequently, their impact on
job performance, as important factors such as criticality and complexity are not taken into
account. In this respect, however, Desjardins and Rubenson (2011, p. 26) note that
‘analysis of these [skills] measures show systematic variation across industry, occupation,
and education categories as one would expect from reasonably valid measures of literacy
and numeracy behaviours’. Second, the frequency of skill use is a different concept than
the required skill level. Pellizzari and Fichen (2013) argue that skill use can hardly be
considered a measure of job requirement because the level of effort in the deployment of
skills (i.e., skills use) on the job is actually an endogenous choice of the worker. As an
additional issue, they note that
proficiency and use are very different theoretical concepts and they can hardly be
represented along the same metrics. In fact, they are derived from structurally dif-
ferent pieces of information: indicators of skill use normally exploit survey questions
about the frequency (and/or the importance) with which specific tasks are carried out
in a certain job, whereas skills proficiency is usually measured through cognitive
tests.
While acknowledging that the measure that they construct is, strictly speaking, a
measure of skill use relative to one’s own skill level, rather than a measure of skill
mismatch, Allen et al. (2013) maintain that an analysis based on this approach can nev-
ertheless provide relevant results. According to the authors,
there is in fact strong empirical evidence that skill use is quite strongly related to
required skill level. Additionally, skill use—and skill mismatches derived by using
skill use in combination with skill level—show clear and plausible relationships with
labour market outcomes. Finally, […] efficiency considerations dictate that the
greatest productivity is achieved when the people with the highest level of a given
skill in the population are the ones who are using that skill the most often, and that
the least skilled are those that use that skill the least often (Allen et al. 2013, p. 4).
Moreover, the authors claim that when their measure is defined as one of skill use
relative to skill level, the scales on which the two components are measured no longer need
to ‘mesh up perfectly, because a higher or a lower score simply means that skill use is
higher or lower than one would normally expect for a worker with that level of skills’.
Further, because they consider fairly extreme mismatches (1.5 standard deviations above or
below the ‘expected’ skill use for a given skill level), they maintain that they ‘can be fairly
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confident that workers who are identified as mismatched indeed have a level of skill use
that is unusually high or low for workers with a comparable skill level’.
A more recent measure of skill mismatch is the one proposed by the OECD in 2013 by
Pellizzari and Fichen (2013). In developing this measure of skill mismatch, the authors
note how most of the other approaches aiming to infer job requirements on the basis of
information drawn from realised matches (to solve the problem of the constant lack of
information about the demand side) adopt a very practical empirical approach to the issue.
They therefore aim to devise a methodology that is derived from theory, clearly delineating
the assumptions made. The measure of skill mismatch that they create, which can be
considered to belong to the category of mixed methods, combines the overskilling/skill
deficit self-assessment of individuals and individuals’ proficiency score in each domain
(i.e., literacy, numeracy, and problem solving in technology-rich environments). Thus,
workers are classified as well matched in a domain if their proficiency score in that domain
is between the minimum and maximum score7 observed among workers in the same
occupation and country who report being neither over- nor underskilled. By contrast,
workers are overskilled (underskilled) in a domain if their score is higher (lower) than the
maximum (minimum) score of self-reported well-matched workers. According to OECD
(2013),
The OECD measure of skills mismatch is an improvement over existing indicators as
it is more robust to reporting bias, such as over-confidence, and it does not impose
the strong assumptions needed when directly comparing skills proficiency and skills
use. However, this approach does not measure all forms of skills mismatch; rather, it
focuses on mismatch in the proficiency domains assessed by the Survey of Adult
Skills, leaving out mismatch related to job-specific skills or that involving more
generic skills (OECD 2013, p. 172).
Finally, some methods of evaluating occupational mismatch that include both education- and
skill-based measures have been developed in the literature. For instance, Green and Zhu
(2010) build on Chevalier’s (2003) work and distinguish between types of overeducation,
according to whether the overeducation is associated with a perceived underutilisation of
skill (or not). Cases of overqualification are further distinguished between situations of
formal overqualification, which occur when individuals are mismatched in terms of
education level but matched in terms of skills, and situations of actual overqualification,
which occur when the individual both has an education level that exceeds the required level
and uses little or even very little of his or her skills in his or her current job.
2.3 State of the Art of the Empirical Evidence on Skill and Educational
Mismatch
Similarly to this paper, a few scholars have attempted to understand the relationship
between skills and educational mismatch using a common survey able to provide infor-
mation on both phenomena. Among these studies, Verhaest and Omey (2006) compare
four different measures of overeducation based on Flemish data collected for only 23-year-
olds, finding substantial differences across the examined measures and in their effects on
several labour market outcomes. Other papers have attempted to contrast overeducation
7 To limit the potential impact of outliers on these measurements (and to allow for the heterogeneity of jobs
within occupations that, despite the theoretical assumption of all jobs being identical within occupations,
does exist in practice), the 5th and 95th percentiles instead of the actual minimums and maximums are used.
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with overskilling, but they have generally relied on graduate surveys and subjective
measures and have focused on only a few countries. For instance, Allen and van der
Velden (2001) use Dutch data on graduates to compute subjective measures of education
and skill mismatch and conclude that the former is neither a necessary nor a sufficient
condition for the latter. In addition, Allen and de Weert (2007) use data on graduates from
5 European countries to analyse the relationship between (subjective) education mismatch
and skill mismatch and conclude that the two phenomena are indeed related but are far
from interchangeable. For UK graduates, Green and McIntosh (2007) find a moderate
correlation between (objectively measured) overeducation and (subjectively measured)
overskilling (0.2). Mavromaras et al. (2007a, b) further show that 50 % of overeducated
Australians consider themselves to be matched in terms of skills. In general, these papers
show that different measurement methods provide different results and that a positive, but
weak, correlation exists between education mismatch and skill mismatch.
This review of the different measures used in the literature suggests that a continuous
effort is required to better understand the concept of occupational mismatch. We devote the
remainder of the paper to contribute to the literature further empirical evidence on the
measurement of this concept.
3 The Survey of Adult Skills (PIAAC)
The Survey of Adult Skills is an international survey conducted as part of the Programme
for the International Assessment of Adult Competencies (PIAAC). The survey measures
key cognitive and workplace skills that are needed for individuals to participate in society
and for economies to prosper. Using household interviews, the survey directly assesses the
skills of approximately 150,000 working-age adults (16–65 years old) surveyed in 24
countries. The survey is the outcome of collaboration between the participating countries,
the OECD secretariat, the European Commission, and an international consortium led by
the Educational Testing Service (ETS) (OECD 2013).
The skills tested in PIAAC are literacy, numeracy, and problem solving in technology-
rich environments.8 Several items in each of the three domains are answered by each
respondent, and his or her performance is summarised in proficiency levels measured on a
scale from 0 to 500 points, which is then divided into skills levels (from below 1 to 5 for
literacy and numeracy; from below 1 to 3 for problem solving). Contextual questionnaires
collect a broad range of information, including information not only on educational
attainment but also on family background, linguistic background, working status, occu-
pation and skill use at work and in other contexts, such as the home and the community.
In this paper, we focus on literacy and numeracy skills.9 The analysis is performed on
the 17 European Union member states that participated in the survey include Austria,
8 In PIAAC, literacy is defined as ‘understanding, evaluating, using and engaging with written texts to
participate in society, to achieve one’s goals, and to develop one’s knowledge and potential’. Numeracy is
defined as ‘the ability to access, use, interpret and communicate mathematical information and ideas, in
order to engage in and manage the mathematical demands of a range of situations in adult life’. Finally,
problem solving is defined as ‘using digital technology, communication tools and networks to acquire and
evaluate information, communicate with others and perform practical tasks’.
9 We disregard problem solving because the test for problem solving is administered only to people who
report having some computer experience, which is not a representative sample of the population. Fur-
thermore, there is no measure of skill use in the problem-solving domain, which prevents us from computing
some of the indicators that are used in the literature.
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Belgium, Cyprus, the Czech Republic, Denmark, Estonia, Finland, France, Germany,
Ireland, Italy, the Netherlands, Poland, the Slovak Republic, Spain, Sweden, and the
United Kingdom.
The PIAAC sample was used to compute the different measures of mismatch consists of
employed individuals only, excluding self-employed.10 Further, following Allen et al.
(2013), we decided to drop individuals who, despite being formally in employment (ob-
jective status), are self-reportedly pupils/students or apprentices/interns (subjective status).
As the authors explain, the exclusion of students is motivated by the fact that
student jobs are often low-skilled temporary jobs taken for the sole purpose of
helping the individual or his/her family pay for the expense of obtaining an educa-
tion. Apprenticeships and internships are excluded because they are not purely work,
but a combination of education and work (ibidem, p. 6).
We use subjective status to identify students, rather than the objective status for
individuals who are currently in formal education because we do not want to exclude from
the sample individuals who are enrolled in some type of (possibly part-time) education but
who nevertheless perform paid work as their main activity.
The final sample size is approximately 55,000 individuals. Table 1 provides an over-
view of the characteristics of the sample, showing the working sample by country and the
proportions of individuals by sex, age group, education level,11 and occupation type.12
3.1 Description of the Education and Skill Mismatch Indicators Used
and Results
Beginning with the literature review of the different approaches to measuring occupational
mismatch described in the previous section, we use PIAAC data to construct a number of
mismatch indicators based on data availability. In total, 20 different overeducation and
overskilling indicators13 are computed, all of which are dummy variables that equal 1 if an
individual in our sample is overeducated or overskilled, according to the corresponding
measure, and 0 otherwise. Table 2 contains the procedure followed to replicate each
indicator, with the reference to the authors who first implemented it, when appropriate. We
compute 8 variables for education mismatch, including six objective and 2 subjective
measures. The former use education level or years of education as the educational
attainment variable, consider the aggregation of occupation definitions at the ISCO 1 or
2-digit levels, and perform the computation by age cohort or not. The subjective variables
10 We exclude self-employed individuals because they present very peculiar and diversified features,
especially in certain countries; therefore, this subpopulation is not comparable to the rest of the employed
population. This approach is also followed by the OECD; see Pellizzari and Fichen (2013).
11 We distinguish between three categories—low, medium and high—depending on ISCED 1997 level; the
first includes individuals with lower secondary education or less; the second is composed of individuals with
upper secondary (ISCED 3A-B, C long) or post-secondary, non-tertiary education (ISCED 4A-B-C); the
third group is composed of individuals with tertiary education (ISCED 5A-B, 6).
12 Occupation types are defined based on the ISCO category. Skilled occupations include, e.g., legislators,
senior officials and managers; professionals; technicians and associate professionals (ISCO 1 digit cate-
gories 1, 2 and 3); semi-skilled white-collar occupations include, e.g., clerks; service workers and shop and
market sales workers (ISCO 1 digit 4 and 5); semi-skilled blue-collar occupations include, e.g., skilled
agricultural and fishery workers; craft and related trade workers; plant and machine operators and assem-
blers (ISCO 1 digit 6, 7 and 8); finally, unskilled (or elementary) occupations include, e.g., labourers (ISCO
1 digit 9).
13 The terms ‘mismatch indicators’ and ‘mismatch measures’ are used interchangeably in this paper.
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derive the required level of education by the self-reported level of education required to get
a certain job or to perform the job satisfactorily. Concerning skill mismatch, we use six
different ways of measuring overskill that, when applied to numeracy and literacy produce
12 indicators. One of these measures replicates the indicator used by the OECD in the
PIAAC Skills Outlook 2013. Another two measures compare individuals’ skills proficiency
with the extent to which their skills are used at work (engagement score); the two measures
differ in the cut-off for high/low engagement. Another measure uses the approach followed
by Allen et al. (2013). Finally, two measures compare the skills proficiency of each
individual with that of individuals working in the same occupation; the two measures differ
in how far the former should be from the latter to be considered mismatched. Table 2
describes exactly how we build these indicators and the names given to them throughout
the paper.
The lack of questions in the survey concerning the direct self-assessment of education
mismatch prevented us from constructing DSA subjective measures of education mis-
match. Measures within the JA approach for education mismatch are not reproduced
because the existing literature is based mostly on the US DOT, which cannot be directly
applied to a study on European countries. Finally, we decided not to reproduce mixed
approaches between education and skill mismatch (e.g., Green and Zhu 2010) because the
aim of the paper is to investigate the combination of information regarding education and
skill mismatch; thus, a specific indicator involving a mixed approach was deemed
unnecessary.
Table 3 reports the proportion of individuals who are mismatched (overeducated or
overskilled) according to the different mismatch indicators.14 To compute point estimates,
we used sampling weights.
The different measures reveal very different pictures of occupational mismatch, both
within and across countries. On the one hand, some measures show pronounced variability
between countries. For instance, EDU2 ranges from 10 to 39 %, SKILL_LIT2 ranges
between 33 and 68 %, and SKILL_NUM2 ranges between 30 and 56 %. One the other
hand, some measures show levels of mismatch consistent across all countries. For instance,
the highest shares of mismatch are found for the indicators SKILL_LIT2 and SKILL_-
NUM2 for skill mismatch (i.e., the two measures based on Desjardins and Rubenson 2011,
which use engagement scores equal to once per week as a cutoff for high/low engagement)
and for the indicator SUB_EDU2 for education mismatch (i.e., mismatch using education
level and self-reported opinions regarding the actual level of education needed to obtain
and to satisfactorily perform the current job). The lowest incidence of mismatch is captured
by the measures SKILL_LIT6 and SKILL_NUM6 (which, by definition, provide shares of
approximately 2 % because they consider individuals whose skill level is more than 2
standard deviations above the average in the respective ISCO 2-digit occupational classes
and country). Similarly, EDU_YEAR1, EDU_YEAR2, EDU_YEAR3, SKILL_LIT5, and
SKILL_NUM5, which are all based on the 1-standard-deviation rule, provide shares that
are approximately 15 %. Low levels of mismatch are also registered in most of the
countries when the measures SKILL_LIT4 and SKILL_NUM4 (i.e., the two measures
14 Note that, to guarantee sufficient variability to compute the indicators, the identification of matched and
mismatched individuals was performed for each measure only when the number of sample observations on
which the indicator was based was at least 20. This rule of thumb is particularly relevant when mismatched
individuals are identified based on the comparison of skill levels in very narrow sub-groups, e.g., individuals
working in the same country and ISCO 2 occupation level. This minimum threshold is a standard procedure
in European surveys, such as EUSILC and LFS. Please note that the adoption of this rule implied that
computing the measure of mismatch for all individuals was not possible for some indicators.
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based on Allen et al. 2013, which compare standardised values of skill level and skill use)
and the measures OECD_SKILL_LIT1 and OECD_SKILL_NUM1 (i.e., skill mismatch
using the OECD approach) are used.
Given the patterns described above, within-country variability is generally very rele-
vant, particularly in a few countries, e.g., Finland, the Netherlands, and Sweden, where the
share of mismatched individuals is as high as above 60 % in some cases.
This cross-country and within-country variability in occupational mismatch may be
partly due to measurement error, but it certainly also results from the conceptualisation and
operationalisation of occupational mismatch. Given the substantial differences, it is very
difficult to draw a conclusion about which indicator should be used to identify occupational
mismatch, and such a choice must be made carefully because the choice of indicator can
lead to a very different picture of occupational mismatch both between and within
countries and very different policy implications. Furthermore, from this analysis, it is
unclear whether the indicators measure the same or different latent phenomena. We can see
that the measures of education mismatch present less variability within country than the
measures of skill mismatch. However, even in education mismatch, some discrepancy
exists between the objective and subjective measures: in some countries, the former are
larger than the latter, whereas in other countries, the opposite occurs. Regarding the skill
mismatch measures, we see that the higher incidence of mismatch is concentrated in the
measures that compare engagement scores and proficiency levels, whereas the measures
that use the distribution of skills across the population present a clearly lower incidence of
mismatch. The extent to which the differences observed across the different indicators
imply that there are different phenomena of occupational mismatch being captured remains
unclear. Thus, this issue requires further elucidation to better inform policy making
regarding this labour market inefficiency. We contribute to this elucidation by conducting a
Principal Component Analysis (PCA). The sole objective of following this approach is to
understand whether more than one latent component is being captured. If only one com-
ponent is identified, then we can conclude that regardless of the way that occupational
mismatch is conceptualised and measured, all indicators capture the same phenomenon. If,
on the other hand, there is more than one latent component, the conceptualisation and
measurement of occupational mismatch is essential.
3.2 Principal Component Analysis
PIAAC data provide the unique chance to compute a reasonable number of measures of
education and skill mismatch from the same data source. However, some of the reported
indicators likely capture types of mismatch that are relatively similar to each other; thus,
we implement a PCA aimed at developing better insight into the number of common latent
dimensions that the mismatch measures may share. Ultimately, the objective of this
analysis is not to use the predicted construct from the latent dimensions identified but to be
able to compare across the different countries the potential multidimensional nature of
occupational mismatch revealed by the PCA analysis.
As discussed in the previous section, our a priori expectation was to find two different
components for education mismatch that distinguish between objective and subjective
measures. Concerning skill mismatch, we expected that the OECD measure, representing a
type of mixed indicator that takes into account both self-assessments and individual skills,
could represent a separate component and that the rest of the measures may be distin-
guished depending on whether they rely on the distribution of skills in the population or the
comparison between skills possessed and skills used at work. The procedure that we
1232 S. Flisi et al.
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implement, however, groups the measures of mismatch into only 3 main components15 (see
Appendix 1 for technical details):
1. The first component is defined mainly by measures of education mismatch based on
both objective and subjective approaches, e.g., indicators EDU1, EDU_YEAR1,
EDU_YEAR3, and SUB_EDU2.
2. The second component is defined mainly by measures of skill mismatch that are based
on the distribution of skills in the population, e.g., indicators OECD_SKILL_NUM1,
SKILL_NUM5, OECD_SKILL_LIT1, and SKILL_LIT5.
3. The last component is defined mainly by measures of skill mismatch that are based on
the comparison between skills used at work and skills possessed, e.g., indicators
SKILL_NUM3 and, SKILL_LIT3.
We also run the PCA by country and by age group,16 the results of which are mostly
consistent with the results for the pooled sample: in the majority of countries, we find three
components, one related to education, one related to skills based on the distribution of
skills, and one related to skills based on engagement.17 The analysis by age group is
conducted by dividing the pooled sample into 5 age categories: below 25, 25–34, 35–44,
45–54, and 55 and above. Again, the results by age are consistent with the results for the
pooled sample. Thus, the PCA exercise has proven to be a useful tool to confirm the
multidimensionality of the occupational mismatch concept. We now move away from the
PCA approach to accomplish the second objective of our paper: investigating the extent to
which the different dimensions of occupational mismatch vary and eventually overlap at
the country level in Europe.
4 The Multidimensional Nature of Occupational Mismatch: The
Incidence of Different Types of Mismatch and Their Overlap Across
Countries
The analysis conducted thus far indicates that depending on the measure of occupational
mismatch used, we may end up with different results and may measure different phe-
nomena. Interestingly, the three dimensions identified by PCA highlight a difference
related to the conceptualisation of occupational mismatch (education mismatch versus skill
mismatch), as well as differences regarding the approach to measuring skill mismatch. This
finding strengthens the idea that conceptualisation and measurement are important when
investigating the occupational mismatch phenomenon, its determinants and implications.
These issues should be carefully discussed. From this analysis, we can conclude that
15 The factor loadings are reported in Table 8. Note that the component that accounts for the largest part of
the overall variability is actually the second component that we present here; for the sake of clarity,
however, we present the education-related component first.
16 These results are available from the authors upon request.
17 In Germany, the variable ’years of education’ is missing; thus, EDU_YEAR1 and EDU_YEAR3 are not
used in the analysis. We also exclude the two measures built by following the OECD’s approach because of
their high number of missing values. Further, Belgium, Denmark, France, Ireland and Spain provide dif-
ferent PCA results with either different number of components (ranging from 2 to 4) or different aggregation
of variables. However, because we will not fully exploit the PCA analysis and we will not use the predicted
values of the latent dimensions identified to study country differences, we choose to select original variables
from the three dimensions identified to advance to the next part of the paper. The results are available from
the authors upon request.
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education mismatch is not a perfect substitute for skill mismatch and vice versa. Given the
general lack of data on skill levels, researchers will more likely be able to measure
education mismatch only. In such a case, it should be clarified that the phenomenon of skill
mismatch is not being captured, and the inability to capture it might be particularly
important for countries with a high degree of skill mismatch. If the researcher is able to
measure skill mismatch, education mismatch can most likely also be measured. The
researcher can then argue in favour of one or the other type of mismatch.
The existence of three different components of occupational mismatch also leads to
another interesting insight: analysing the indicators from the three components separately
yields only a partial view of this phenomenon. Indeed, the indicators are computed
independently, and they do not provide any insight into the intensity and overlap of the
types of mismatch. For instance, two countries may have similar levels of education and
skill mismatch, which may lead to an initial interpretation that the mismatch situations in
the countries are similar. However, suppose that individuals who are skill mismatched are
also education mismatched in one country but that the two types of mismatch do not
overlap in the other country. The analysis and the policy implications should certainly be
different in these two countries. To facilitate the understanding of occupational mismatch,
we highlight the potential overlap (or the lack of overlap) between the different types of
mismatch identified and provide information about the most problematic type of mismatch
in each country. To do so, we proceed by selecting one original indicator as representative
of each of the three components identified through the PCA exercise.18 The selection is
based on factor loading weights, sample size issues (e.g., the proportion of missing values),
and theoretical grounds. The following variables are chosen to represent the three
components:
1. For the component related to education mismatch, we choose the indicator EDU1,
which identifies situations of mismatch in which the individual’s education level is
higher than the mode of the education level in the same ISCO 2-digit occupational
class.
2. For the component related to skill mismatch based on the distribution of skills in the
population, we choose the indicator SKILL_NUM5, which captures a mismatch
situation in which the individual’s skill level in numeracy is one standard deviation
above the average numeracy skill level in the same ISCO 2-digit occupational class.
3. For the component related to skill mismatch, based on the comparison between skills
used at work and skills possessed, we choose the indicator SKILL_LIT3, which
captures situations of mismatch when an individual has a medium to high level of
literacy skills but a low engagement in literacy-related tasks at work (following
Desjardins and Rubenson 2011), with the median engagement score in the worker’s
ISCO 2-digit occupational class used as the cutoff for high/low engagement.
Table 4 summarises the link between the variables and the components: the first two
columns indicate the broad category of mismatch and the type of approach within each
category (which is described also in Sect. 2). Columns four to six describe how the
variable is built, i.e., the education/skill measure that is considered and the reference that is
18 Instead of continuing with the PCA approach and predicting the 3 components by using the factor loading
weights, we select one original measure for each component. We use this approach because the interpre-
tation can be tricky when the predicted factors are considered. In particular, the factors that will emerge will
be continuous variables centred at 0 and mutually orthogonal and that capture a latent dimension of
mismatch. Thus, the proper interpretation is not immediately apparent, and if they are incorrectly inter-
preted, they variables can lead to misleading conclusions.
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used to establish whether an individual is mismatched. The last two columns show how
indicators are ‘grouped’ by the PCA in the three different components (based on how
strongly they contribute to defining a component) and, within each component, which
variable is finally selected as the representative of the component to which it belongs.19
We now turn to the analysis of the incidence of occupational mismatch at the individual
level. Thus, we combine the mismatch information from the three representative indicators
by allocating each individual in the sample to only one of the following four different
categories:
(a) Matched: individuals who are not mismatched in any of the three indicators
considered, i.e., not mismatched with regard to SKILL_LIT3, SKILL_NUM5, or
EDU1;
(b) Severely/mixed mismatched: individuals who are mismatched with respect to both
education and skill, i.e., mismatched on both EDU1 and either SKILL_LIT3 or
SKILL_NUM5 (or both);
(c) Skill mismatched: individuals who are mismatched on dimensions associated with
skills alone, i.e., mismatched on SKILL_NUM5 and/or SKILL_LIT3;
(d) Education mismatched: individuals who are only education mismatched, i.e.,
mismatched on EDU1 alone.
Once we have grouped the individuals in the four groups, we then observe the distri-
bution of the categories in each country to determine the extent of the mismatch problem in
each country, the percentage of mismatched individuals, and the predominant type of
mismatch for each country.20
Table 5 reports the percentage of people in each category and per country, delivering
interesting analyses.21 On average, 60 % of the European population is occupationally
matched, with values ranging from less than 50 % for Cyprus, Denmark, Estonia, and
Ireland to more than 60 % for France and Poland.22 Moreover, the share of severely/mixed
mismatched people is generally rather low (8 %) and stable across Europe, while the rest of
the population share is split between individuals who are only skill mismatched or only
education mismatched. This result supports the notion that skill mismatch and education
mismatch provide a different picture of and different information regarding occupational
19 As an additional robustness check, to verify whether the three measures of mismatch selected after the
PCA are correlated (and whether they therefore provide the same information), we first rank the countries
according to the level of mismatch identified by each of them and then estimate the Kendall correlation of
these rankings. The results confirm that there is no significant correlation between the measures, indicating
that they do indeed capture different aspects of mismatch.
20 We replicate the analysis in this section using different indicators as representatives of their corre-
sponding components. For component 1, we always use EDU1, because it clearly has a higher factor loading
than SUB_EDU2. For component 2, we use SKILL_LIT5 instead of SKILL_NUM5, because it has a similar
factor loading. For component 3, we use SKILL_NUM3 instead of SKILL_LIT3, because it also has a
similar factor loading. The results presented in Table do not change significantly with this different set of
representative indicators. These results are available from the authors upon request.
21 Given that the choice of indicators that are representative of the three dimensions is based, among other
criteria, on the number of missing values, the analysis presented here is based on almost the entire working
sample selected at the beginning of the study: of the 55,000 individuals, only roughly 1600 are not used
because of missing observations in one of the three measures.
22 Results for Belgium, Denmark, Spain, France and Ireland should be interpreted with caution because the
variables chosen may not fully represent the components identified in the remaining countries, as indicated
in footnote 17; these results are nevertheless valid indicators of the proportion of individuals who are skill
mismatched, education mismatched or both.
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mismatch, again demonstrating that an analysis should not focus on one single dimension
of occupational mismatch because most of the population is mismatched on either edu-
cation or skills. Thus, by considering only one dimension, we refer only to a fraction of the
population. This finding is particularly relevant for policy making because it implies that
policies aimed at tackling only one type of mismatch will fail to help the segment of the
population that is mismatched according to the other type of mismatch.
On average, 20 % of individuals are solely skill mismatched, but substantial hetero-
geneity exists across countries, with Ireland, Italy, and Spain exhibiting levels lower than
20 % for skill mismatch and Finland and Slovakia exhibiting levels higher than 30 %.
Individuals who are solely education mismatched compose 13 % of the population on
average, but again with substantial differences between countries, with levels below 10 %
in the Czech Republic, France, Poland, and Slovakia, and levels around or higher than
20 % in Ireland and Spain. Interestingly, the countries with higher percentages in one type
of mismatch have lower percentages in the other, suggesting that a negative correlation
exists between the two types of mismatch. This pattern can be better visualised in Fig. 1,
plotting the percentage of individuals who are solely education mismatched against the
percentage of individuals who are solely skill mismatched. A clear negative relation is
apparent between the two types of mismatch: a higher skill mismatch is associated with
lower education mismatch (correlation of -0.78).23
Table 5 Proportion of individuals in the different categories of occupational mismatch by country




Austria 0.541 0.096 0.223 0.134
Belgium 0.511 0.112 0.252 0.125
Cyprus 0.471 0.119 0.223 0.187
Czech Republic 0.596 0.061 0.281 0.061
Denmark 0.486 0.123 0.205 0.186
Estonia 0.480 0.089 0.260 0.170
Finland 0.502 0.074 0.322 0.101
France 0.608 0.079 0.221 0.092
Germany 0.559 0.100 0.221 0.119
Ireland 0.484 0.127 0.191 0.198
Italy 0.587 0.071 0.174 0.168
Netherlands 0.504 0.102 0.281 0.113
Poland 0.619 0.039 0.274 0.069
Slovak Republic 0.578 0.045 0.317 0.060
Spain 0.499 0.116 0.162 0.223
Sweden 0.516 0.093 0.290 0.101
United Kingdom 0.531 0.078 0.270 0.121
EU average 0.586 0.078 0.203 0.133
Own elaboration from PIAAC data based on the selected working sample, as explained in Sect. 3. Defi-
nitions of the categories of occupational mismatch are provided in the text. All figures are weighted
23 This relation does not exist between skill mismatch and severe/mixed mismatch, and it is weaker between
education mismatch and severe/mixed mismatch. See Fig. 2 for details.
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In the graph, three main groups of countries can be identified. In the first group, the
countries have a high level of education mismatch but a relatively low level of skill
mismatch (bottom-right corner of the graph). This group consists of Italy, Spain, and
Ireland. The mismatched individuals within these countries generally have a higher edu-
cation level than their job requires, but their skills are at the appropriate level to perform
their jobs. Thus, despite having a higher education level, they do not possess extra skills.
Interestingly, the countries in this group are mostly characterised by an educational system
that primarily provides general education. On the opposite upper-left corner of the graph,
there is a group of countries with a high level of skill mismatch but a very low level of
education mismatch. This group consists of Sweden, Finland, the Netherlands, Slovakia,
the Czech Republic, and Poland. In these countries, individuals appear to have the proper
education level for their jobs but possess more skills than their job requires, meaning that
their skills are not fully leveraged in their work place. Interestingly, these countries are also
among the top-performing countries in terms of skill outcomes, as shown by both PISA and
PIAAC. In particular, we find the Scandinavian countries (Finland and Sweden) and the
Netherlands in this group, which have always been among the top performers in surveys
such as PISA, as well as Eastern European countries (Slovakia, the Czech Republic, and
Poland), which are now catching up and appearing among the top performers in PIAAC
and PISA 2012. In the final group, countries in the middle of the graph, the countries have
intermediate levels of both education mismatch and skill mismatch. This group consists of
Belgium, Austria, the UK, Denmark, Estonia, and Germany. Some of these countries are
characterised by a long and well-established vocational education track.
The previous analysis suggests that a relationship exists between the educational system
and the distribution of the different types of mismatch across countries. This finding is
consistent with the existing literature reporting that the structure of educational systems
plays a key role in shaping the occupational chances for students: high levels of stan-






































Fig. 1 Scatter plot of the proportion of individuals in a situation of skill mismatch only versus education
mismatch only. Note The figure shows a scatter plot of the proportion of individuals with education
mismatch only (x axis) and individuals with skill mismatch only (y axis)
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demand in the labour market (Allmendinger 1989; Shavit and Mu¨ller 1998).24 Generally,
systems characterised by the presence of vocational tracks provide specific skills and clear
occupational profiles, which are informative and familiar to employers, leading to better
labour market chances for vocational graduates. Consequently, more stratified systems are
expected to result in less overeducation than less stratified systems (Ortiz 2010). Typically,
countries such as Germany, the Netherlands, Switzerland, Austria, and the Scandinavian
countries are characterised by a high level of stratification, with well-established tracks of
vocational education at both the secondary and tertiary levels. By contrast, southern
European countries and Ireland are characterised by a low level of educational tracking and
a high level of general training.
A limitation of our analysis is that we consider only the supply side of the labour
market. In fact, we focus on skills and education in the labour force because PIAAC data
have no information on the demand side. It could be argued that investigating the structure
of the labour market in terms of employment protection legislation, economic perfor-
mance, and the level of flexibility of the system could also contribute to explaining the
phenomenon of occupational mismatch. For example, constraints of regional mobility,
time lags between certain skill needs in the market and the time needed for individuals to
acquire them, and language constraints among countries may be noted as factors that
render a perfect match between demand and supply in the labour force unlikely. Moreover,
the limits imposed by a high level of employment protection could impede rapid adjust-
ments in the labour market, or the negative economic situation of a particular country
might lead to higher levels of mismatch because highly qualified workers may compete
with less qualified workers, thereby displacing workers in the market.
However, for the characteristics and purpose of our study, we argue that the structure of
the educational system is key to appropriately interpreting the differences observed across
countries in terms of occupational mismatch. In fact, as shown in Fig. 1, the clustering of
countries fits a supply side explanation much better than a demand side explanation. As an
example, in the group of countries with intermediate levels of both education mismatch
and skill mismatch, countries characterised by very different labour market structures
coexist (Germany and Austria, typically representative of the conservative-corporatist
welfare state (Esping-Andersen 1990; Ferrera 1996); the UK which is characterised by a
liberal welfare state regime; and Denmark, which, on the contrary, is at the other end of the
continuum with a social-democratic welfare regime. Likewise, a reference to the demand-
side perspective seems troublesome for the countries in the upper-left corner of Fig. 1,
where Scandinavian countries with highly protective social-democratic systems are close
to Eastern European countries, whose welfare and labour market systems are more similar
to those of a liberal regime.
Nonetheless, we believe that a demand-side approach to the issue of mismatch in the
labour market may be beneficial for better understanding the different aspects of a complex
phenomenon such as occupational mismatch.
Lastly, to verify whether the previous findings obscure a skewed distribution in favour
of specific groups, we analysed the four types of mismatch presented in Sect. 4 by age,
education level, skill level (results are available from the authors upon request). This
24 Standardisation is defined as the level of homogeneity of the educational system throughout a country: a
higher level of uniformity with respect to the curricula and teaching methods across the country is associated
with a higher level of standardisation. Stratification is defined according to the level of internal differen-
tiation of the system, with the level of stratification based on the number of specific tracks (for example
general, academic and vocational) and the extent to which students can move from one track to other tracks.
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exercise aimed to elucidate whether the mismatch is driven by a particular education/skill
group and whether differences exist between age groups and between countries. As
expected, individuals with higher education are more likely to be in the educational and
mixed mismatch groups, whereas individuals with low education are more likely to be in
the matched group. Similarly, individuals with high skills are more likely to be overrep-
resented in the skill mismatch and mixed mismatch groups, and individuals with low skills
are more likely to be overrepresented in the match group. These conclusions are not
surprising given the way that education mismatch and skill mismatch are computed, but an
interesting result is that no differences are found by age and country, providing support for
our finding that, within different age groups and within different countries, the distribution
of mismatch is quite homogeneous, with no particular age group driving the results.
5 Conclusions
In recent decades, concerns regarding upwards occupational mismatch in developed
economies have been increasing, yet no consensus has been reached on how to concep-
tualise and measure this phenomenon. Education mismatch (overeducation) has been the
most common way to conceptualise occupational mismatch; however, more recently, skill
mismatch (overskilling) has been increasingly used owing to data availability on workers’
skill levels. Although education mismatch and skill mismatch are undoubtedly related
concepts, they are far from equivalent because education and skills do not have a one-to-
one correspondence. Nevertheless, it is unclear in the literature the extent to which these
concepts and the different ways in which they are operationalised are counterparts in
capturing the phenomenon of occupational mismatch.
We contribute to this discussion by using the unique opportunity provided by the recent
Survey of Adult Skills (PIAAC) to compute upwards occupational mismatch indicators
based on both education- (overeducation) and skill-based (overskilling) variables.
The main questions posed and the results obtained in this paper are as follows. First,
what is the incidence of overeducation and overskilling in various European countries
according to a comprehensive set of mismatch indicators proposed in the literature?
Second, are education mismatch and skill mismatch equivalent indicators of occupational
mismatch, or do they capture different phenomena? The results of our analysis show that
the incidence of upward occupational mismatch greatly differs depending on its concep-
tualisation (overeducation and overskilling) and measurement. In fact, we find that three
different phenomena seem to be captured by the indicators computed. This finding clearly
suggests that the various concepts and measures of occupational mismatch are not
equivalent and that the phenomena that they capture affect the population to different
degrees. Accordingly, our third research question asks to what extent do overeducation and
overskilling overlap at the individual level, and how does this translate into aggregate
terms at country level? To answer this question, we classified individuals as having ‘only
education mismatch’, ‘only skill mismatch’, and ‘severe/mixed mismatch’. We find a
surprisingly low percentage of individuals who are both overeducated and overskilled
(10 %), while the majority of mismatched individuals exhibit only education mismatch
(13 %) or only skill mismatch (20 %). An analysis of occupational mismatch focusing on
only one dimension of occupational mismatch is likely to neglect a significant part of the
mismatched population. Finally, we analyse differences between countries aggregating
individuals’ information. We find a strong negative correlation between ‘only education’
Measuring Occupational Mismatch: Overeducation… 1241
123
and ‘only skill’ mismatch across countries and identify three main groups of countries with
specific patterns of occupational mismatch. The first group consists of Italy, Spain, Ireland,
and presents high levels of overeducation but relatively low levels of overskilling. These
countries are characterised by a low level of educational tracking and a high level of
general training. Thus, policy in these countries may try to align the educational system
with the needs of the labour market by modernising the curricula and teaching methods in
the educational system and by providing more specific knowledge. By contrast, countries
in the second group, comprising Scandinavian and some Eastern European countries, are
characterised by high levels of overskilling and low levels of overeducation. These
countries are also among the top-performing countries in terms of both educational out-
comes provided by the PISA survey and skills outcomes provided by PIAAC. Thus, current
top performing countries have the potential to improve their relative positions by bene-
fitting from the reservoir of skills possessed by their working-age population.
In conclusion, regardless of the examined dimension (i.e., education mismatch or skill
mismatch), occupational mismatch always highlights some inefficiency of a country’s
educational system and labour market. In the case of education mismatch, the workers
acquire knowledge that is not subsequently transferred into skills that are needed for a
certain job. In the case of skill mismatch, workers possess a reservoir of skills that can be
further exploited. More interestingly, the distribution of mismatch seems to reflect a ‘multi-
speed’ Europe. Specifically, Scandinavian countries, which are typically the best-per-
forming countries in several domains (education, economics, welfare), and some ‘catching
up’ Eastern European countries (with good performance in PIAAC and/or PISA) are also
the countries that are affected by a ‘positive’ mismatch: they are endowed with a reservoir
of high-skilled workers, which potentially can even further improve their performance. By
contrast, education mismatch, which has negative effects on both the individual and the
macro level (e.g., lower productivity, psychological stress), mostly affects countries that
are already low educational and economic performers (e.g., Spain, Italy, Ireland). This
result suggests that these lower-performing EU member states might benefit from policy
aiming to redesign their educational systems in order to ensure high levels of skills and
render their economies more competitive in the medium to long run.
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Appendix 1: Principal Component Analysis
In this annex, we provide the necessary technical details related to the Principal Compo-
nent Analysis performed. See Sect. 3.2 for the interpretation of the results and how they are
used to proceed with the research question of the paper.
Given the binary nature of the mismatch variables, we use polychoric correlations to
construct the covariance matrix from which the eigenvalues and eigenvectors are calcu-
lated. To choose the number of components retained, we apply the Kaiser criterion,
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selecting a number of components equal to the number of eigenvalues greater than 1.
Finally, to facilitate the interpretation of the extracted components, we rely on orthogonal
rotation using the varimax approach.
The polychoric correlation (Table 6) matrix reveals that some measures have very high
correlations (close to 1 for some variables and greater than 0.90 for others); therefore,
before implementing the PCA, we account for the correlations between measures and drop
some of them. As a first step, we exclude one of the variables within the pairs showing
correlations equal or close to one, namely, SUB_EDU1, SKILL_NUM2, SKILL_LIT2,
SKILL_NUM6, and SKILL_LIT6.25 After dropping these variables, we still identify some
problems in the calculation of the factor loadings owing to negative eigenvalues. There-
fore, we decide to also exclude EDU2, EDU3, and EDU_YEAR2 because of their very
high correlations with EDU1, EDU_YEAR1, and EDU_YEAR3, respectively.26 The new
correlation matrix for the remaining 12 measures is presented in Table 7, and we use this
correlation matrix to calculate the eigenvalues and the eigenvector for the PCA.27 With this
matrix, the PCA is computed correctly, and no errors arise in the computation of eigen-
values and eigenvectors.
Note that, as shown by the factor loadings in Table 8, although all other indicators
present strong correlations with only one component, the indicators SKILL_LIT4 and
Table 8 Factor loadings from
the PCA for the occupational
mismatch analysis
Numbers in bolditalics refer to
the measures that can
interchangeably go into Factor 1
or Factor 3, namely:
SKILL_LIT4 and SKILL_NUM4
Numbers in bold refer to the
measures included in each factor
The table reports the rotated
factor loadings emerging from
the PCA
Own elaboration from PIAAC
data based on the working
sample, as defined in Sect. 3
FACTOR 1 FACTOR 2 FACTOR 3
EDU1 0.153 0.920 -0.012
EDU_YEAR1 0.179 0.947 -0.024
EDU_YEAR3 0.139 0.928 -0.015
SUB_EDU2 -0.056 0.591 0.119
OECD_SKILL_NUM1 0.891 0.178 0.032
OECD_SKILL_LIT1 0.882 0.118 0.124
SKILL_LIT3 0.142 -0.026 0.865
SKILL_LIT4 0.535 0.048 0.617
SKILL_LIT5 0.869 0.142 0.236
SKILL_NUM3 0.058 -0.059 0.832
SKILL_NUM4 0.578 0.061 0.629
SKILL_NUM5 0.893 0.167 0.134
25 We attempt to exclude other variables (e.g., SKILL_NUM6NUM5 rather than SKILL_NUM5NUM6),
but the final results of the PCA do not change.
26 We also attempt to exclude EDU_YEAR3 because of its correlation with EDU_YEAR1 that is higher
than 0.90, but the results are the same as those obtained when we include this variable.
27 Tables 6 and 7 use listwise correlation. If we include all 12 measures, we consider about 40,000 of the
55,000 individuals because some of the measures are missing for part of our working sample. In particular,
the variables EDU_YEAR1 and EDU_YEAR3 are missing for Germany, as shown in Table 3; thus, this
analysis excludes Germany. As a robustness check, we run the PCA while dropping these two variables to
include German individuals; the results are the same. In particular, the variables related to education, EDU1
and SUB_EDU2 are grouped because they are correlated mainly to one component, and the skill variables
are grouped because they are correlated to the two aforementioned components. In addition, the measures
that are missing for most of the individuals are the groups built by using the OECD’s definition; thus, we
replicate the analyses by excluding these two measures, which increases the sample size to 49,000, and we
find that the same three components are extracted. Finally, we produce correlation matrices and run the PCA
using pairwise correlation instead of the listwise one, and the results are confirmed.
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SKILL_NUM4 appear to be correlated with two different components, namely, 2 and 3. In
fact, these two indicators of skill mismatch are built by relying on both the distribution of
skills in the population and the use of skills at work; therefore, they are a combination of
the two broad types of skill mismatch indicators that we identify from the PCA. This result
is confirmed using both oblique and orthogonal rotations.
Appendix 2: Further Figures
See Fig. 2.
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